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Introduction
Hybrid control systems combining passive and active strategies have emerged as effective solutions to enhance structural resilience during earthquakes. Recent advancements in smart structures integrate active tuned mass dampers (ATMDs) for precise dynamic response control and seismic hazard mitigation. Simultaneously, artificial intelligence (AI), particularly machine learning algorithms, has opened new frontiers in structural control.
Methods
This study proposes a novel AI-based approach for structures equipped with nonlinear base isolation and an ATMD. An artificial neural network (ANN) is employed, trained via supervised learning using the Levenberg-Marquardt backpropagation algorithm to minimize displacement demands during strong earthquakes. The ANN-driven controller aims to achieve significant response reduction with fewer sensors than traditional algorithms while enhancing robustness against signal time delays and white noise contamination. For validation, an ATMD is installed at the base isolation layer of an 8-story benchmark building. The ANN controller's performance is evaluated under near-field and far-field seismic excitations and compared with a conventional linear quadratic regulator (LQR)-controlled ATMD and a classical tuned mass damper (TMD). Robustness tests include time delays and white noise in input signals.
Results
The results demonstrate that the ANN-driven ATMD controller notably reduces key dynamic response parameters, including peak base acceleration, displacement, velocity, inter-story drift, maximum drift, and base shear, under both near-field and far-field earthquake scenarios. Furthermore, the ANN controller maintains high performance even when subjected to signal time delays and white noise contamination, underscoring its robustness. Importantly, these improvements are attained while utilizing fewer sensors than the LQR controller, highlighting the practicality and cost-effectiveness of the proposed method.
Discussion
The proposed ANN controller achieves performance comparable to the full-state LQR controller but requires fewer sensors, enhancing practicality and cost-effectiveness for real-world applications. This approach demonstrates superior robustness against signal imperfections while maintaining high seismic response mitigation efficacy.
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1 INTRODUCTION
In the field of civil engineering, mitigating structural damage caused by seismic and wind actions is of critical importance. Earthquakes, in particular, pose significant threats to the stability of buildings and infrastructure, making the development and implementation of advanced control systems essential for enhancing structural resilience (El Ouni et al., 2022; Elias et al., 2025).
Control systems are generally classified into four categories: passive, active, semi-active, and hybrid (Fisco and Adeli, 2011a; Fisco and Adeli, 2011b). Passive control systems play a key role in seismic protection, particularly in the area of base isolation. These systems, such as base isolation (BI), tuned mass dampers (TMDs), and energy dissipation devices, operate without the need for external energy sources (Djerouni et al., 2020; Elia et al., 2017; Mazza et al., 2024; Mazza et al., 2023).
Base Isolation Systems (BIS) function by decoupling the superstructure’s dynamic response from that of the ground. This is achieved through the introduction of a laterally flexible isolation layer between the foundation and the superstructure. The effectiveness of BIS has been extensively investigated in the literature (Sapountzakis et al., 2024; Skinner et al., 1993; Naeim and Kelly, 1999; Charrouf et al., 2024; Mazza and Labernarda, 2022). Despite their proven reliability and simplicity, these techniques are inherently limited by their passive nature, which prevents them from adapting to seismic events not considered during the design stage. To overcome these limitations, hybrid control systems, which can combine passive and active/semi-active control mechanisms, have been proposed as a more adaptable and effective solution in certain scenarios (Djedoui et al., 2017; Banerjee and Matsagar, 2023; Cheng and Jiang, 1998; Zahedin Labaf et al., 2023). Given the often nonlinear behavior of many passive devices, hybrid systems are particularly valuable for actively managing nonlinearities and inelastic hysteretic responses (Yang et al., 1992; Li et al., 2021). The integration of active control elements into base-isolated systems can help mitigate some of the drawbacks associated with nonlinear BIS, especially the large displacements that may occur under severe earthquake excitations (Heertjes and van de Wouw, 2006; Lee and Kawashima, 2007; Subasri et al., 2013; Gu et al., 2017).
Active control systems utilize sensors, actuators, and sophisticated control algorithms to dynamically respond to seismic forces, adjusting the structural response in real-time. One of the most used devices is the active tuned mass damper (ATMD), which has emerged as a viable solution for reducing unwanted vibrations in multistory buildings during seismic events (Sabetahd et al., 2022; Chang and Soong, 1980; Ümütlü et al., 2021). Researchers such as Li et al. (Linderman and Spencer, 2016) have demonstrated the effectiveness of AMDs in high-rise buildings, while Linderman and Spencer have explored their integration with wireless sensor networks in civil structures (Linderman and Spencer, 2016). Control force requirements for ATMD systems can be substantial. To address this challenge, various algorithms have been developed to optimize the control effort and enhance overall system performance. Among the most widely used are proportional-integral-derivative (PID) controllers (Djedoui et al., 2016; Ulusoy et al., 2021) and the linear quadratic regulator (LQR), first introduced in the 1960s (Kalman, 1960). This method has since been widely applied in active and semi-active control systems (Amezquita-Sanchez et al., 2014; Elias et al., 2023; Hashemi et al., 2022). The main goal of the LQR approach is to determine an optimal control law that minimizes a predefined quadratic cost function, which typically balances the system’s performance and the energy required for control. By systematically weighing the relative importance of state deviations and control efforts, the LQR provides a feedback gain matrix that ensures efficient performance with constrained energy input, making it especially suitable for real-time structural control applications. LQR is pivotal in controlling multiple-input multiple-output (MIMO) systems (Islam et al., 2003; Phillips and Sahin, 2014; Pandey and Laxmi, 2015). However, its practical application is challenged by the considerable sensor requirements, often limited by real-world constraints on sensor availability (Ghanemi et al., 2024).
Integrating hybrid control for a multi-degree-of-freedom (MDOF) structure equipped with BIS offers a promising solution for reducing excessive seismic displacement at the base isolation level (Shin et al., 2020). However, in this context, a significant challenge is the necessity for nonlinear adaptive control strategies to account for the hysteresis or friction mechanism typically introduced by the base-isolation system. Classical control methods, such as PID and LQR controllers, have shown limitations in effectively managing time-varying and nonlinear systems. To address these challenges, a novel approach involving artificial intelligence (AI) control methods is proposed.
In recent decades, researchers have made significant strides in AI, which has greatly enhanced the performance of structural systems in areas such as monitoring, controlling, evaluating, and response mitigation. Lu et al. (2012) performed a survey examining various AI techniques, such as evolutionary computation, fuzzy logic, neural networks, and swarm intelligence. Aldwaik and Adeli (2014) presented a multiparadigm learning approach, showing that integrating neural networks, genetic algorithms, fuzzy sets, and parallel processing can significantly boost performance. Mardani et al. (2015) reviewed the uses and approaches of fuzzy multi-criteria decision-making methods, while Zhang and Xue (2023) examined the latest developments in optimizing high-rise buildings. Moreover, studies have explored the application of random forests for safeguarding structures from external disturbances (Smarra et al., 2020; Di Girolamo et al., 2020).
One of the most widely used AI techniques is Artificial Neural Networks (ANN). The utilization of ANN models in managing seismic responses has led to notable progress, particularly in mitigating structural oscillations (Jhang et al., 2018; Yang et al., 2006). A fundamental aspect of ANN controllers is their precision in approximating nonlinear functions, rendering them well-suited for intricate systems like multistory buildings (Conte et al., 1994; Blachowski and Pnevmatikos, 2018). For instance, ANNs have been used to develop intelligent systems that adapt in real-time (Jamil et al., 2021), Chang and Sung evaluated enhanced vibration mitigation in a nonlinear building using a neuro-controller (Chang and Sung, 2019), and Liut et al. (1999) developed a neural network controller, trained through a force-matching technique, to operate a tuned-mass damper confirming its functionality. The use of ANN in assessing bridge risks has been thoroughly investigated (Ying et al., 2009; Neves et al., 2017). Additionally, ANN has been employed to mitigate structural responses to seismic risks (Ghanemi et al., 2024; Ghanemi et al., 2023; Blachowski and Pnevmatikos, 2018; Radmard Rahmani et al., 2019; Brancati et al., 2020). Furthermore, Sanad and Saka (2001) applied ANNs to predict the maximum shear strength of reinforced concrete beams. The time delay method is widely used for training ANNs (Chen and Chien, 2020), yet its specific effects on structural responses remain largely unexplored. This gap highlights the need for research that examines how these methods influence the overall performance of the system’s response.
The primary focus of this study is the development of an AI-based controller aimed at enhancing the functionality of nonlinear base-isolated structures while simultaneously reducing sensor requirements and improving robustness against external disturbances. Specifically, the proposed approach integrates an ANN controller with an ATMD to mitigate the seismic response of a base-isolated structure. The ANN controller is trained using data generated by an LQR based on one earthquake signal, enabling it to replicate near-optimal control strategies while significantly reducing the need for full-state observation. Unlike conventional LQR controllers, which typically require a large number of sensors to monitor all state variables, the ANN controller operates effectively using fewer sensors, directly addressing concerns about ATMD implementation complexity and cost by minimizing hardware requirements. In addition to performance under ideal conditions, the proposed ANN-driven ATMD system is also evaluated under signal time delays and white noise contamination to proactively resolve feasibility challenges and verify its robustness in realistic operating environments. This dual focus on sensor reduction and delay/noise tolerance ensures practical viability without compromising control efficacy. The methodology is applied to an 8-story nonlinear base-isolated benchmark building subjected to both near-field and far-field earthquake records. The performance of the ANN-based controller is systematically compared with that of a classical TMD and a conventional LQR-controlled ATMD. Furthermore, to validate the generalizability of the proposed approach, the ANN controller is tested under six additional earthquake records beyond the one adopted in the training phase. By demonstrating consistent performance across diverse seismic events while mitigating implementation barriers, this work establishes a balanced framework for intelligent vibration control systems.
The remainder of the paper is organized as follows. Section 2 presents the mathematical modeling of the system, describing both the LQR controller and the ANN training process. Section 3 details the numerical study, including the description of the benchmark building model, the tuning of the ATMD, the properties of the base-isolated system, the tuning processes for both the LQR and ANN controllers, and the earthquake dataset used for validation. Section 4 discusses the results, highlighting the effectiveness of the proposed controller and analyzing the impact of time delay and noise on the system’s performance. Finally, Section 5 concludes the paper, summarizing the main findings and suggesting directions for future research.
2 MATHEMATICAL MODEL
Let’s consider an n-DOF structure equipped with a nonlinear BIS combined with an ATMD (Figure 1) exposed to earthquake ground acceleration. The BIS is modeled as a rigid mass mb, with horizontal displacement xb and base isolators. The restoring force Fbt exerted by the isolators accounts for both linear and nonlinear behavior modeled as reported in Yang et al. (1994) as it can be seen in Equation 1:
Fbt=cbx˙bt+αbkbxbt+1−αbkbDybυbt(1)
where cb and kb respectively represent the BIS viscous damping coefficient and elastic stiffness, αb is the ratio between the post-yielding to pre-yielding stiffness, Dyb signifies the yield deformation and υb symbolizes the non-dimensional variable describing the hysteretic component of the deformation according to Bouc-Wen law (Wen, 1976; Wen, 1989; Ismail et al., 2009) the first derivative of υb is shown in Equation 2 as follow:
υ˙b=Dyb−1Abx˙b−βbx˙bυbηb−1υb−γbx˙bυbηb(2)
where the overdot denotes the derivative with respect to time. The parameter ηb influences the smoothness of the force-deformation curve, while the parameters Ab,βb,and γb control both the scale and the shape of the hysteresis loop.
[image: Diagram illustrating a building structure with a nonlinear base isolation model and an active tuned mass damper (ATMD) system. The base isolation model includes a spring with constant \(\alpha k_b\), a nonlinear force \(f_{NL}\), and damping \(c_b\). The ATMD system features a mass \(m_d\), damper \(c_d\), spring \(k_d\), and force \(f_u\). Displacements are shown as \(x_b\), \(x_1\), \(x_2\), \(x_{n-1}\), and \(x_n\).]FIGURE 1 | Structural model of MDOF story building equipped with the hybrid control system including BIS and ATMD.It is possible to decompose the restoring force Fbt (Equation 3) into two distinct components, characterized by a linear segment fLt (Equation 4) and a nonlinear segment fNLt (Equation 5):
Fbt=fLt+fNLt(3)
fLt=cbx˙bt+αbkbxbt(4)
fNLt=1−αbkbDybυbt(5)
In order to minimize the BIS displacement, an ATMD with mass md and horizontal displacement xd is attached to it. The ATMD mass is connected at one side to the BIS through an elastic stiffness kd and a viscous damping coefficient cd, and at the other side to the actuator, which exerts its active control force fu. The active control force impacts the structure by directly influencing its own response, which, in turn, modifies the BIS motion to enhance overall stability. By managing the isolator’s motion, it can effectively control the response of the entire superstructure.
Equation 6 shows the equation of motion that governs the resultant n+2-DOF system is expressed as:
Mx¨t+Lx˙t+Kxt+fNLtH=−Mrx¨g+dfu(6)
xt=xbx1x2⋯xnxdT represents the displacement vector, whereas M, L, and K respectively represent the system mass, damping, and stiffness matrix as it can be seen in Equations 7–9. r is the influence vector that captures the effect of ground acceleration x¨g. The vector d (Equation 10) specifies the location where the control force fu is applied, note that a null d will result in the mathematical formulation of a classical TMD. Meanwhile, H (Equation 10) represents the distribution of the base isolation force on the structure.
Matrices M, L, and K have the following expressions:
M=mb0000000m10000000m20000000⋱0000000mn−10000000mn0000000md(7)
L=cb+c1+cd−c10000−cd−c1c1+c2−c200000−c2c2+c3−c300000−c3⋱⋱00000⋱cn−1+cn−cn00000−cncn0−cd00000cd(8)
K=αbkb+k1+kd−k10000−kd−k1k1+k2−k200000−k2k2+k3−k300000−k3⋱⋱00000⋱kn−1+kn−kn00000−knkn0−kd00000kd(9)
vectors d and H, of ((n+2)×1) dimensions, assume the form:
d=00⋮001,H=10⋮00−1(10)
Let’s note that the linear component of the BIS restoring force fLt is collected in the matrices L and K. The second-order nonlinear (Equation 6) can be transformed into a first-order nonlinear equation (Equation 11), known as the state-space representation in the following manner:
z˙t=Azt+Butyt=Czt+Dut(11)
zt=x˙tt xttT represents the full state of the system, encompassing velocity and displacement vectors, ut=fut x¨gtT is the input vector collecting the ATMD force and the seismic acceleration, yt is the output vector. Matrices A and B correspond to the state and the input matrix (Equations 12, 13), respectively defined as:
A=−M−1L−M−1KE0(12)
B=−M−1dE00(13)
C and D are the output matrix and the feedthrough matrix, respectively, and can vary depending on the choice of the output vector.
2.1 The trainer controller LQR
LQR controller is one of the most widely used classical control algorithms for active control (Moghaddasie and Jalaeefar, 2019). Since its inception, LQR has evolved to address complex challenges in structural dynamics, enhancing the ability to mitigate vibrations and improve the stability of structures under various dynamic loads. The LQR controller aims to minimize the quadratic performance index (J) (Equation 14) defined as:
J=12∫0tfzTtQzt+fuTtRfutdt(14)
where Q and R (Q ≥ 0), (R > 0), are two weighting matrices that weight the system state z and the active control force vector fu. The effectiveness of LQR depends on the proper selection of the weighting matrices Q and R, which determine the trade-off between system performance and control effort. The matrix Q imposes a penalty on the system response, where larger values lead to greater response reduction but require higher control forces. Conversely, the matrix R penalizes the control effort, where larger values result in lower control forces, potentially limiting the reduction in structural response. The dimensions and shape of the R depend essentially on the number of actuators and their location on the structure (Moghaddasie and Jalaeefar, 2019). Matrix Q (Equation 15) is detailed below:
Q=q1,1q2,2⋱q2n+2,2n+2(15)
The matrix R in this study is a scalar due to the use of a single actuator acting only on the movable mass of the ATMD while being grounded at its second end.
The resulting actuator optimal control force (Equation 16) is evaluated by:
fut=Gzt(16)
where G (Equation 18) is the gain matrix determined by solving the Riccati equation (Equation 17) as:
PA+ATP+Q−PBR−1BTP=0(17)
G=R−1BTP(18)
The block diagram of the LQR controller is illustrated in Figure 2.
[image: Diagram of a system with a "Structure" block receiving inputs \(\ddot{x}_g(t)\) and \(f_u(t)\). Output \(z(t)\) from the "Structure" goes to an "LQR Regulator," which feeds \(f_u(t)\) back into the "Structure."]FIGURE 2 | LQR control diagram.2.2 ANN controller training
ANN controllers play a pivotal role in structural control systems, offering a robust approach to optimize control strategies using active and semi-active dampers (Kim, 2020). Their application in managing seismic responses has led to significant advancements, particularly in reducing structural oscillations and enhancingare two weighting matricesthat weight the system state overall system performance. A key strength of ANN controllers is their ability to accurately approximate nonlinear functions, making them ideally suited for complex systems like multistory buildings. ANNs enable the training of controllers to adapt to varying conditions, thereby minimizing dynamic responses during seismic events.
In this study, the developed ANN model is designed to predict the active control force fut replicating the behavior of an ideal LQR controller, where the main goal is to drive the ATMD to reduce the structural response at the base level of the isolated MDOF structure. The ANN achieves this prediction by learning the relationship between selected input variables and the corresponding control force through a training process. This involves adjusting internal weights, biases, and activation functions to minimize the prediction error.
The process of training and deploying the ANN model for driving the ATMD can be summarized as follows:
	1. Architecture Definition: select the optimal ANN architecture by determining the number of hidden layers and neurons per layer.
	2. Data Preparation: identify relevant input and output variables and normalize all input and target output data to improve convergence during training.
	3. Model Initialization: initialize the ANN model with randomly assigned weights and biases.
	4. Forward Propagation - Hidden Layer: compute the activations of the hidden layer by applying an activation function to the weighted sum of inputs plus biases.
	5. Forward Propagation - Output Layer: using the output of the hidden layer to compute the final output of the network, again applying weights, biases, and an appropriate activation function.
	6. Training and optimization: adjust weights and biases through a learning algorithm, minimizing the loss function.
	7. Model Evaluation: Assess model performance using suitable statistical metrics. If the model does not perform well, readjust the weights and biases and iterate; otherwise, finalize the weights and compute the final output.
	8. Cross-Validation: perform K-fold cross-validation to verify the generalization capability of the model and check whether overfitting or underfitting occurs. If either is detected, the model is retrained.
	9. Model Selection and Deployment: finalize the trained ANN model based on the best-performing configuration. Integrate the trained model into the control loop of the ATMD system for real-time prediction of the control force.

A flowchart detailing the major steps of the procedure can be seen in Figure 3.
[image: Flowchart depicting a machine learning model development process. Steps include selecting inputs, selecting the best network model, assigning weights, training, generating, and evaluating the model using metrics like mean squared error (MSE). Incorporates K-fold cross-validation, and concludes with integrating and outputting the model.]FIGURE 3 | Flow chart of the considered ANN model.The current study employed a multilayer ANN architecture, visually represented in Figure 4, structured with three layers: an input layer, a hidden layer, and an output layer.
[image: Diagram of a neural network with three layers: input, hidden, and output. The input layer has nodes for ground acceleration and structural responses. The hidden layer consists of six nodes with weights connecting to both input and output layers. The output layer has one node with control force as output. Weights between layers are labeled \(w_{ij}^{(1)}\) and \(w_{li}^{(2)}\).]FIGURE 4 | Optimal ANN model’s architecture.The input data utilized in the input layer include the base displacement and its velocity, respectively xbtand x˙bt, and the ground motion acceleration xg¨t taken from an earthquake record characterized by a wide frequency range. Optimized over iterations, the hidden layer has six nodes, and the output layer has one node Y¯ representing the LQR control force fut trained with target data of an optimal LQR control force. Therefore, the model is represented as Fisco and Adeli (2011a), Fisco and Adeli (2011b), Djerouni et al. (2020) and Elia et al. (2017). The layers in the neural network are interconnected by weights, which are adjusted during the training process to minimize the error between the ANN model’s output and the desired target LQR control force. The connections between the input and hidden layers are represented by weight terms wij1, where i corresponds to the index of the hidden neuron and j to the input neuron. Similarly, the connections between the hidden and output layers are defined by the weight terms w1i2, where i denotes the hidden neuron index. The hidden layer consists of activation neurons ai, which processes the weighted sum of the inputs through a nonlinear activation function fg¯i, enhancing the network’s ability to capture complex relationships in the data. This architecture allows the ANN to learn and replicate the control strategy of the LQR controller effectively.
For training and optimization, the network configuration implemented the backpropagation algorithm, a widely used technique for training neural networks, in conjunction with the TANSIG (hyperbolic tangent sigmoid) activation function (Sibi et al., 2013). These choices were pivotal in the model’s ability to effectively learn and adapt to the complexities of the dataset under investigation. The equation of the activation (Equation 19) function is written as follows:
fg¯i=21+e−2g¯i−1(19)
The output of the first layer is obtained by applying the activation function (Equation 20):
ai=fg¯i=f∑j=13wij1x¯j+bi1(20)
Finally, the final output is determined as (Equation 21):
Y¯=∑i=16w1i2ai+b2(21)
In this scenario, xj¯ represents the input features, while w1 and w2 correspond to the weights associated with the first and hidden layers, respectively. Similarly, b1 and b2 denote the biases for the first and second layers.
To guarantee the robustness of the model during the training phase, the dataset was divided into training and validation subsets, with 80% dedicated to training the neural network. This allowed for effective pattern recognition. The remaining 20% was used for validation, providing an evaluation of the model’s accuracy on new data. The Levenberg-Marquardt backpropagation technique (trainlm) (Reynaldi et al., 2012) from MATLAB’s Neural Network Toolbox was selected for its proficiency in optimizing parameters and reducing training errors.
According to the model training process, the mean squared error (MSE) (Equation 22) and the correlation coefficient R (Equation 23) are utilized as performance metrics and evaluated as:
MSE=1N∑i=1NYtar,i−Yout,i2 0<MSE<∞(22)
R=∑i=1NYtar,i−Ytar¯Yout,i−Yout¯∑i=1NYtar,i−Ytar¯2Yout,i−Yout¯2 −1<R<1(23)
where Ytar,i,Yout,i, Ytar¯, Yout¯ correspond to the target, output, mean target, and mean output, respectively, whereas N represents the dataset size to measure the performance of the model and assess the error for each split. According to Smith (1986), the evaluation criteria for R include the following limit:
	• R<0.2 Weak correlation.
	• 0.2≤R<0.8 Correlation exists.
	• R≥0.8 Strong Correlation.

Following the selection of the optimal model with the optimal node’s number according to statistical performance, the K-fold cross-validation approach (Kohavi, 1995) was employed to assess the model’s capability prediction. K-fold cross-validation is a method used to evaluate a machine learning model’s performance by dividing the dataset into k equally sized subsets. The model is trained k times, each time using k−1 folds for training and the remaining fold for validation. This ensures that each fold serves as the validation set exactly once.
In this study, 5-fold cross-validation was adopted, as it offers a good compromise between computational efficiency, bias, and variance, making it a standard choice for model evaluation.
Figure 5 illustrates the active control feedback, in which the ANN controller actuates the ATMD to mitigate structural vibrations. The system comprises three primary sensors: one measuring the base layer displacement, another measuring the base layer velocity, and a third measuring the ground acceleration. The sensor data are fed into the ANN controller, which processes the inputs and determines the appropriate control force. This control force is applied to the structure to counteract the vibrations. The structure’s response is continuously monitored and fed back into the neuro controller, creating a closed-loop system. The ANN controller dynamically adjusts the damping force based on real-time feedback, ensuring optimal vibration suppression and enhancing structural stability and performance under various dynamic conditions. The ANN controller dynamically adjusts the damping force in real-time based on feedback, ensuring effective vibration suppression and enhancing structural stability and performance under various dynamic loading conditions.
[image: Flowchart illustrating a control system. Input \(\ddot{x}_g(t)\) feeds into a sensor, then to a neuro controller and a structure, with outputs \(f_u(t)\) and \(z(t)\). A sensor outputs \((x_b(t), \dot{x}_b(t))\) back to the neuro controller. Arrows indicate the connections and flow between components.]FIGURE 5 | ANN control diagram using ATMD.3 NUMERICAL STUDY
3.1 Benchmark building model
An 8-story benchmark isolated building, proposed by Yang et al. (1994), is utilized to implement the hybrid control system. The structure is equipped with a lead core rubber-bearing isolation system and an ATMD located on the base floor. The structural properties of each floor are summarized in Table 1.
TABLE 1 | Dynamic parameters of the structure.	Floor	Mass (tons)	Stiffness (kN/m)	Damping (kNs/m)
	1	345.6	3.40 × 105	490
	2	345.6	3.26 × 105	467
	3	345.6	2.85 × 105	410
	4	345.6	2.69 × 105	386
	5	345.6	2.43 × 105	348
	6	345.6	2.07 × 105	298
	7	345.6	1.69 × 105	243
	8	345.6	1.37 × 105	196


3.2 ATMD tuning
An ATMD was coupled to the BIS to enhance its performance during seismic events and reduce structural vibrations, specifically the base isolation layer displacement. The tuning parameters for the passive part of the ATMD are determined using equations provided by Sadek et al. (1997) in terms of the non-dimensional parameters (Equation 24):
µ=mdMT,γ=11+μ1−ξsμ1+μ,ξd=ξs11+μ+μ1+μ(24)
md=μMT(25)
cd=2ξdmdωd(26)
kd=ωd2md(27)
where µ is the mass ratio between the ATMD mass, ms, and the structure’s total mass, MT , γ=ωdωs is the frequency ratio between the TMD and the structure’s first frequency and ξd is the TMD damping ratio calculated with respect to the structure damping ratio ξs=5%. Being the total mass of the adopted base-isolated structure equal to MT=3214.8 tons, while its first natural frequency is ωs=2.2 rad/s, having assumed a mass ratio μ=0.05, the TMD proprieties (Equations 25–27) are: md=160.74 tons, kd=694.59 kN/m, and cd=177.62 kNs/m. It is worth noticing that the assumed mass ratio is in accordance with typical values adopted in literature for conventional TMD systems (Djedoui et al., 2016).
3.3 Base isolated system properties
The properties of the BIS are taken from Yang et al. (1994) and are detailed in Table 2.
TABLE 2 | BIS parameters.	Properties	Value	Unit
	mb	450	tons
	cb	26.17	kNs/m
	kb	18,050	kN/m
	αb	60	%
	Dyb	4	cm
	Ab	1	—
	βb	0.5	—
	nb	3	—
	γb	0.5	—


3.4 LQR tuning
The inputs to the Artificial Neural Network (ANN) are derived from the structural response generated by a Linear Quadratic Regulator (LQR) controller, which requires the definition of the weighting matrices Q and R. These matrices play a crucial role in shaping the control performance by penalizing deviations in system states and excessive control effort, respectively. n this study, the system includes a single actuator associated with the ATMD. Consequently, the R matrix is reduced to a scalar. A value of R = 10−3 was selected to ensure a suitable trade-off between minimizing the control effort and achieving effective vibration mitigation.
The weighting matrix Q is used to penalize deviations in selected state variables. Since the ATMD is directly connected to the BIS, the base displacement xbt and base velocity x˙bt are key states to be regulated. To emphasize their importance in the control design, the diagonal elements corresponding to these variables, specifically q1,1 and q11,11, were set to 103. This choice reflects the objective of reducing base motion without completely constraining it, consistent with the dynamic behavior expected in seismically isolated systems.
The values of Q and R were fine-tuned through an iterative trial-and-error process. Multiple numerical simulations were performed to assess the effectiveness of different combinations of weights. The configuration yielding the best compromise between vibration reduction and control effort was selected. The optimal control forces computed through the tuned LQR controller were then used as reference outputs for training the ANN model, enabling it to emulate the LQR behavior in real-time without relying on an explicit dynamic model during operation.
3.5 ANN tuning
The ANN-based controller is designed to regulate the ATMD system in real-time, with the objective of improving the seismic performance of an eight-story nonlinear base-isolated structure. The network is trained using data derived exclusively from a single natural earthquake record. Specifically, the ground motion from the 1940 El Centro earthquake was recorded at the Imperial Valley station, with a peak ground acceleration (PGA) of 0.32 g measured on the North/South component. The El Centro record was selected due to its broadband frequency content, which makes it a representative and widely adopted benchmark for training purposes. Once the optimal ANN model was identified through training, its generalization capability and robustness were evaluated by subjecting the structure to six additional earthquake records. These included both far-field and near-field events, with and without velocity pulses, to comprehensively assess the model’s performance under a diverse range of seismic scenarios.
The process is illustrated in Figure 6, which outlines the step-by-step development and validation of the ANN-based controller. The procedure begins with programming a shear frame structure in MATLAB and applying an LQR controller, where the weighting matrices (Q and R) are optimized for improved performance. The ANN is then trained using the collected data, and the best-performing model is selected based on accuracy and error minimization. Finally, the trained ANN model is tested with six different earthquake records to evaluate its generalization and effectiveness. Training with historical earthquake data allows the ANN to learn, adjust, and reduce the differences between the LQR control force and the desired one, thereby enabling the ANN to approximate the optimal control strategy for which the LQR is known.
[image: Flowchart illustrating the process of programming a shear frame structure with an ATMD in MATLAB, using an LQR controller, tuning parameters, and collecting data for ANN training. It includes applying the El Centro 1940 Earthquake, refining models, and testing with six records to achieve optimal performance.]FIGURE 6 | Flowchart of the ANN training process adopted in this study.To assess the effectiveness of the ANN and ensure its emulation to the LQR, its structural response will be compared with that of the LQR controller itself, as well as with scenarios where no active control is applied.
3.6 Earthquakes data set
The effectiveness of the ANN model within the hybrid system is evaluated by assessing it with six different real seismic recordings, each featuring diverse frequency components and peak accelerations. The seismic data for these six earthquakes, as sourced from the Federal Emergency Management Agency (FEMA) P659 (Council, 2009), are presented in Table 3. To keep the structural behavior within a reasonable range, all the used records were scaled to a PGA of 0.2 g, as seen in Figure 7.
TABLE 3 | FEMA unscaled ground motion records.	RSN	Name	Year	Mag	Component	PGA (g)	PGV (cm/s)
	Far Fault
	1244	Chi-Chi	1999	7.6	CHICHI/CHY101-E	0.44	115
	68	San Fernando	1971	6.6	SFERN/PEL090	0.21	19
	No Pulse Near-Fault
	1176	Kocaeli	1999	7.5	KOCAELI/YPT_180	0.31	73
	2114	Denali	2002	7.9	DENALI/ps10_289	0.33	126.4
	Pulse Near-Fault
	879	Landers	1992	7.3	LANDERS/LCN_239	0.79	140.3
	1165	Kocaeli	1999	7.5	KOCAELI/IZT_270	0.22	29.8


[image: Six seismograph charts displaying ground acceleration in meters per second squared over time in seconds. Each chart represents different earthquakes: 1999 Chi-Chi, Taiwan; 1971 San Fernando; 1999 Kocaeli, Turkey (two charts); 2002 Denali, Alaska; 1992 Landers. Peaks and durations vary across charts.]FIGURE 7 | Scaled earthquake records used in the simulation.The utilized ground acceleration records are depicted in Figure 7.
4 RESULTS AND DISCUSSION
4.1 ANN model training results
In this section, the evaluation of the ANN model’s performance is made, employing the two key statistical metrics defined in Equations 22, 23 the MSE and the correlation coefficient R, are evaluated. Furthermore, the model’s predictive capability is assessed through the implementation of K-fold cross-validation.
Figure 8 shows the MSE over 31 epochs, which highlights the model’s accuracy and error dynamics. Initially, the MSE decreases sharply across training and validation datasets, indicating a reduction in prediction error as the model learns from the data. The close alignment of MSE values across datasets underscores the model’s robustness. The best validation performance is observed at epoch 25, where the MSE reaches its minimum value of 3.3·10−4. This epoch represents the point at which the model generalizes best to unseen data, striking an optimal balance between underfitting and overfitting, ensuring maximum predictive performance and minimal error between the output and the target. Beyond this point, MSE slightly increases, which may lead to overfitting.
[image: Line graph showing mean squared error (MSE) against the number of epochs. The blue line represents training MSE, decreasing steadily. The green line represents validation MSE, with the best performance at 25 epochs where MSE equals 3.3 times ten to the negative fourth power. An arrow points to this point.]FIGURE 8 | Train and validation performance of the ANN model.Figure 9 shows the error histogram from the simulation of the optimal ANN model. The green bars indicate validation data, and the blue bars represent training data. Errors between the output and target values can be observed to lie within the range of −0.04 to 0.04.
[image: Histogram displaying the distribution of errors between targets and outputs. The horizontal axis represents error values ranging from -0.08326 to 0.08366, while the vertical axis shows the number of instances up to 275. Blue bars indicate training data, green bars represent validation data, and an orange line indicates zero error. Most errors are clustered around zero.]FIGURE 9 | Error histogram of the most appropriate ANN model (3 6 1) with 20 Bins.As defined in Equation 23, the correlation coefficient R measures the strength and direction of the linear relationship between predicted and actual values, with higher values closer to 1 indicating stronger correlation and better predictive performance. Figure 10 displays scatter plots comparing the output and the target values of the control force in the optimal ANN model in the training phase, validation phase, and both phases. The results show strong correlation coefficients, with R values of 0.99115 for training and 0.99118 for validation, which demonstrates the effective learning capability of the model.
[image: Three scatter plots with linear regression lines show the correlation between target and output data. The top left plot for training data has a blue fit line with R = 0.99115. The top right plot for validation data has a green fit line with R = 0.99118. The bottom plot for all data has a red fit line with R = 0.99117. Data points are marked with circles.]FIGURE 10 | Scatter plots between predicted and measured fu in the optimal ANN model (3 6 1).The performance measures of the best ANN model are shown in Figure 11, revealing an R range of 0.98–0.99, where each column in the figure corresponds to a different fold in the K-fold cross-validation process, representing the model’s performance across multiple training-validation splits. This underscores the success of K-fold cross-validation in showcasing the model’s robustness. The model consistently performs well across all five folds, effectively mitigating overfitting and underfitting risks, showcasing its remarkable ability to learn from training data and generate new data.
[image: Bar chart displaying Pearson correlation coefficients (Rval) for five splits. Values range from 0.981 to 0.998, increasing from Split 1 (0.986) to Split 5 (0.998). The y-axis begins at 0.95 and ends at 1.00.]FIGURE 11 | Performance measures of the ANN model using the K-fold cross-validation, with K = 5.4.2 Performance assessment of ANN controller
After identifying the most effective neural network training model, it is utilized to control the ATMD through a feedback loop. This will enable computing the required control force to mitigate the effect of seismic activity on several ground motions to evaluate and validate the performance of the ANN model in adapting to new seismic conditions. For this purpose, the six ground motion records from the FEMA database not utilized during the training phase are selected (Table 3; Figure 7).
Various control strategies are considered to assess the performance of the ANN-driven ATMD. The control strategies adopted are:
	• The base-isolated structure is equipped with a classical TMD, where the actuator force is set to null; this strategy is denoted BIS + TMD.
	• The base-isolated structure is equipped with an ATMD driven by a LQR controller, denoted BIS + ATMD (LQR).
	• The base-isolated structure is equipped with an ATMD driven by an ANN controller, denoted BIS + ATMD (ANN).

The first one has been compared with a hybrid control system employing only passive strategies. The performances of each control strategy are compared with those of BIS considered alone, and the results are reported in terms of reduction rate.
The dynamical parameters of interest investigated are the peak base floor displacement, the root mean square (RMS) of the base displacement, the peak control device stroke, the base floor acceleration, velocity and displacement time histories, the maximum drift and inter-story drift of all the floors and the hysteresis loops of the nonlinear isolator.
Table 4 presents the peak base displacement and the base displacement RMS for each control strategy under each earthquake, along with their respective reduction rate (RR) percentages evaluated across the six different earthquake scenarios. The passive TMD system provides moderate displacement reductions, ranging from 17% to 36%, showing its ability to mitigate vibrations to a certain extent. The active control strategy using LQR shows a more substantial improvement, reducing displacements by 63%–81%. Notably, the ANN-based ATMD demonstrates the highest effectiveness, consistently achieving displacement reductions between 81% and 87%, indicating its effectiveness and successful learning from the LQR controller. Further, the passive TMD system achieves moderate reductions in RMS values, ranging from 27% to 52%, indicating its limited yet consistent damping capacity. The ANN demonstrates reduction rates ranging from 91% to 94%, surpassing LQR’s rates of 86%–92%. Similar to peak base displacement results, the ANN highlights its ability to learn from and surpass LQR’s performance.
TABLE 4 | Maximum base displacements and base floor displacement RMS under different control strategies and their reduction rate (RR).	Earthquakes	Control strategies and their respective reduction rate
	BIS (m)	BIS + TMD (m)	RR (%)	BIS + ATMD (LQR) (m)	RR (%)	BIS + ATMD (ANN) (m)	RR (%)
	Maximum base displacement
	Far Fault
	Chi-Chi	1.09	0.71	34.8	0.23	78.8	0.19	82.5
	San Fernando	0.54	0.41	24	0.13	75.9	0.09	83.3
	No Pulse Near Fault
	Kocaeli	1.01	0.65	35.6	0.22	78.2	0.13	87.1
	Denali	0.68	0.52	23.5	0.21	69.1	0.13	80.8
	Pulse Near Fault
	Landers	0.41	0.34	17	0.15	63.4	0.10	75.6
	Kocaeli	0.52	0.39	25	0.10	80.7	0.09	82.6
	Base floor displacement RMS
	Far Fault
	Chi-Chi	0.495	0.267	46	0.047	90.5	0.032	93.5
	San Fernando	0.310	0.149	51.9	0.026	91.6	0.017	94.5
	No Pulse Near Fault
	Kocaeli	0.478	0.320	33	0.068	85.7	0.039	91.8
	Denali	0.372	0.187	49.7	0.035	90.5	0.027	92.7
	Pulse Near Fault
	Landers	0.241	0.154	36.1	0.031	87.1	0.020	91.7
	Kocaeli	0.296	0.216	27	0.039	86.8	0.024	91.8


In addition to displacement and RMS evaluations, it is crucial to assess the stroke response of the damper systems to ensure their practical applicability. The stroke, defined as the peak displacement of the damper mass, determines the device’s required motion range. Excessive stroke demands may render a control system impractical despite its effectiveness in reducing vibrations. Therefore, Table 5 presents a comparative analysis of the peak stroke displacements for the TMD, the LQR-controlled ATMD, and the ANN-controlled ATMD under the various earthquake records, offering insights into their mechanical feasibility alongside their control performance.
TABLE 5 | Peak damper stroke for TMD, ATMD-LQR, and ATMD-ANN.	Earthquakes	TMD (m)	ATMD (LQR) (m)	ATMD (ANN) (m)
	Far Fault
	Chi-Chi	0.711	0.239	0.194
	San Fernando	0.410	0.134	0.094
	No Pulse Near Fault
	Kocaeli	0.650	0.219	0.134
	Denali	0.523	0.208	0.135
	Pulse Near Fault
	Landers	0.337	0.149	0.104
	Kocaeli	0.393	0.098	0.092


As shown in Table 5, the TMD system exhibits the highest stroke demands across all earthquake records, with peak values reaching up to 0.711 m. In contrast, the LQR-controlled ATMD significantly reduces the required stroke, and the ANN-based ATMD achieves even lower stroke values in most cases. This demonstrates not only the superior control capability of the ATMD systems but also their mechanical efficiency. Notably, the ANN consistently maintains a lower stroke than LQR, confirming its intelligent control ability and practical feasibility.
Figure 12 illustrates for the six ground motions the base acceleration response of the nonlinear base-isolated structure comparing four scenarios: BIS, BIS and TMD, BIS and ATMD driven by the LQR controller, BIS and ATMD trained with the ANN controller. Applying TMD to the BIS is able to reduce the response better for far fault earthquakes than near fault ones. The graph reveals that the response can be further decreased by adopting the ATMD: a close performance between the ANN system and the LQR system in mitigating structural vibration for all the records is observed.
[image: Four graphs of seismic acceleration data with different conditions. Each graph includes plots for BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN). The top row shows data for far faults: 1999 Chi-Chi, Taiwan, and 1971 San Fernando. The bottom row shows no pulse near fault: 1999 Kocaeli, Turkey, and 2002 Denali, Alaska. The last set displays pulse near fault: 1992 Landers and 1999 Kocaeli, Turkey. Each graph indicates peak acceleration values in meters per second squared.]FIGURE 12 | Time history of base floor acceleration.Figures 13, 14 illustrate the time history of base velocity and base displacement, respectively; it is evident that the ANN control system consistently achieves lower peak responses than the LQR control system; the adjustments of the control action in real time make this strategy more effective than applying only a TMD to limit base displacement and velocity. The response reductions occur across a wide range of earthquakes with different intensities and frequencies, which indicates that the ANN effectively adapts to the nonlinear behavior of the structure, providing better damping and stability.
[image: Five line graphs comparing velocity over time for different fault types and mitigation methods. The top row shows data for far-fault locations in Taiwan and San Fernando, while the middle row shows no pulse near-fault data for Turkey and Alaska. The bottom row displays pulse near-fault data for Landers and Kocaeli. Each graph includes four colored lines representing different configurations: BIS, BIS+TMD, BIS+ATMD (LQR), and BIS+ATMD (ANN). Peak values are indicated in a box in each graph.]FIGURE 13 | Time history of base floor velocity.[image: Graph showing displacement over time for different seismic events. Four charts compare BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN) responses. Data includes peaks: Chi-Chi, Taiwan (1.09 m), San Fernando (0.54 m), Kocaeli, Turkey (1.01 m), Denali, Alaska (0.62 m), Landers (0.41 m), and Kocaeli, Turkey (0.52 m). Each chart highlights variations in displacement patterns, illustrating the impact of different control methods on structural response.]FIGURE 14 | Time history of base floor displacement.The base shear force is shown in Figure 15 for the cases examined. The reduction observed with the hybrid control with ATMD helps to decrease seismic forces, thereby minimizing stress on structural components and reducing the risk of failure. Figure 15 illustrates how well active control methods are capable of minimizing the base shear across all seismic events and how this performance increases, especially for near fault earthquakes, compared to classical passive TMD. Notably, the ANN control exhibited nearly identical behavior to that of the LQR control, with only a slight increase observed in the maximum peak levels.
[image: Four graphs depict base shear over time for different earthquakes. Each graph compares the effects of BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN). The top graphs show data from the 1999 Chi-Chi, Taiwan, and 1971 San Fernando events, indicating peak base shear values. The bottom graphs display data from the 2002 Denali and 1999 Kocaeli earthquakes, also with peak values. Each series is distinguished by different colored lines.]FIGURE 15 | Time history of base shear response.Figure 16 presents the maximum drift at all floors. The isolated structure exhibits significant drift for some earthquakes (Chi Chi, and Kocaeli earthquakes), indicating high susceptibility to seismic forces and potential structural damage. Applying a TMD to the base isolation layer can reduce the response to some extent; however, the LQR system shows markedly improved performance. ANN system performs even better, highlighting its superior efficiency in managing seismic responses. This reduced drift implies less structural damage and better protection.
[image: Six plots show maximum drift versus floors for different earthquake scenarios: Far Fault (1999 Chi-Chi, Taiwan; 1971 San Fernando), No Pulse Near Fault (1999 Kocaeli, Turkey; 2002 Denali, Alaska), and Pulse Near Fault (1992 Landers; 1999 Kocaeli, Turkey). Lines compare BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN). Black, green, red, and blue lines represent each method, showing varying drift across scenarios.]FIGURE 16 | Maximum floor drift.The inter-story drift, depicted in Figure 17, shows that, again, both control methods based on ATMD effectively reduce the responses, especially at the lower floors, where the inter-story drift values are significantly minimized. While the LQR system shows superior performance, the ANN system also achieves notable reductions, closely miming the behavior of the LQR. This underscores the potential of ANN as a viable control strategy also compared to passive control with TMD.
[image: Six charts compare maximum inter-story drift for floors under different seismic conditions: far fault, no pulse near fault, and pulse near fault. Each chart shows four lines: BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN), representing various control systems on building floors. Each frame is labeled with data from specific earthquake events: 1999 Chi-Chi, Taiwan; 1971 San Fernando; 1999 Kocaeli, Turkey; 2002 Denali, Alaska; 1992 Landers; and another 1999 Kocaeli event. The x-axis indicates drift in meters, and the y-axis marks floors.]FIGURE 17 | Inter-story drift.Figure 18 illustrates the normalized restoring force of the BIS versus the normalized base displacement for the control strategies under six different testing earthquakes. Normalization is performed by dividing all the values by the maximum absolute value of the reference BIS responses, namely the restoring force and the base displacement. The addition of an ATMD to the BIS significantly reduces the energy dissipated by the isolator compared to the case where a classical TMD is added. This reduction is evident from the smaller peaks in the restoring force for both LQR and ANN controllers compared to the isolated structure. The decrease in the restoring force indicates lower hysteretic energy dissipation during seismic events, highlighting the ATMD’s effectiveness in minimizing the relative motion between the building and its foundation.
[image: Graphs illustrating the relationship between normalized restoring force and normalized displacement for various earthquake scenarios. Each graph includes four lines: BIS, BIS + TMD, BIS + ATMD (LQR), and BIS + ATMD (ANN). Insets show detailed views of the data. Earthquake events: 1999 Chi-Chi, 1971 San Fernando, 1999 Kocaeli, 2002 Denali, 1992 Landers, 1999 Kocaeli (different RSNs). Graphs are categorized into far fault, no pulse near fault, and pulse near fault types.]FIGURE 18 | BIS normalized restoring force versus normalized displacement.Moreover, the ANN controller exhibits relatively smaller restoring force values, suggesting that it provides a more adaptive and efficient control strategy compared to the LQR controller. The ANN’s ability to learn from data and predict optimal control actions allows it to handle the nonlinear behavior of the base isolation system more effectively.
4.3 Time delay effect on the response reduction
In order to emulate real-world conditions more accurately in the model, time delays were incorporated into the control loop of the model. Specifically, the structural responses sent to both LQR and ANN-based controllers were delayed by a one-time step. Additionally, the control forces generated by each controller were delayed by a one-time step before being applied via the actuator. This configuration resulted in an overall delay of two time steps within the control loop, effectively emulating the inherent delays present in practical applications.
The introduction of these delays revealed marked differences between the LQR and ANN approaches. When operating with a delayed full-state vector, the LQR encountered significant challenges in producing an effective control force. This difficulty highlighted concerns about the LQR’s robustness and reliability in environments characterized by time delays, as the delayed response compromised its ability to maintain optimal control performance. The inherent limitations of the LQR in handling time delays emphasize the need for alternative control strategies that can better cope with such conditions.
Conversely, the ANN demonstrated an excellent adaptability to time delays, consistently generating effective control forces and swiftly responding to mitigate structural responses. The ANN’s performance remained robust despite the delays, showcasing its ability to adapt and learn from the delayed input data. This adaptability is attributed to the ANN’s inherent capability to model complex, nonlinear relationships and its flexibility in handling dynamic changes within the system. The ANN’s superior performance in the presence of time delays underscores its potential as a more reliable and effective control strategy in scenarios where delays are inevitable. These findings are confirmed in Table 6, which presents the root mean square (RMS) displacement results.
TABLE 6 | Base floor displacement RMS values for the system controlled with ANN with and without delay.	Earthquakes	RMS delayed (m)	RMS non-delayed (m)
	Far Fault
	Chi-Chi	0.035	0.032
	San Fernando	0.021	0.017
	No Pulse Near-Fault
	Kocaeli	0.042	0.039
	Denali	0.033	0.027
	Pulse Near-Fault
	Landers	0.024	0.020
	Kocaeli	0.029	0.024


These findings underscore the potential advantages of employing ANN control strategies in scenarios where time delays are a critical factor. The adaptability and resilience of the ANN in the face of delays suggest that it can maintain high levels of control performance due to its natural ability to detect and react to nonlinearities, offering a significant improvement over traditional LQR methods. Therefore, incorporating ANN-based controllers in systems where time delays are prevalent could lead to more robust and efficient control solutions, ultimately enhancing the overall stability and performance of nonlinear systems.
4.4 Noise effect on the response reduction
Accurate measurement of dynamic response parameters such as base peak displacement, acceleration, velocity, inter-story drift, maximum drift, and base shear is critical for effective structural control. However, in real-world applications, sensor data is often contaminated with noise, which can compromise the accuracy and reliability of the measurements.
To address this challenge, this study investigates the impact of noise contamination on the performance of both the ANN controller and the LQR controller. A white noise disturbance (Chen and Xu, 2008; Abdeddaim et al., 2017) is randomly generated and then integrated to obtain velocity and displacement signals. The obtained signals are summed with the displacement and velocity data during both the LQR simulation and the testing phase of the ANN to simulate noise contamination in sensors. The white noise peak acceleration is set to be 30 times less than the PGA of the earthquake.
The noise-affected responses were fed into both the LQR and ANN control systems within the feedback loop. Table 7 presents the base floor root mean square (RMS) under both LQR and ANN controllers with and without noise contamination for all the used records.
TABLE 7 | Base floor displacement RMS with and without noise.	Earthquakes	ATMD (LQR) (m)	ATMD (ANN) (m)
	Without noise	With noise	Without noise	With noise
	Far Fault
	Chi-Chi	0.047	0.051	0.032	0.033
	San Fernando	0.026	0.029	0.017	0.017
	Pulse Near-Fault
	Landers	0.031	0.036	0.020	0.026
	Kocaeli	0.039	0.043	0.024	0.025
	No Pulse Near-Fault
	Kocaeli	0.068	0.074	0.039	0.043
	Denali	0.035	0.042	0.027	0.029


After introducing noise, a slight increase in the RMS displacement response was observed for both the LQR and ANN control methods. However, it was found that an effective solution to mitigate this increase is to adjust the control force. The robustness of the ANN controller was evaluated based on its ability to maintain control performance despite the presence of noise. Finally, this consistent effectiveness across different responses underscores ANN’s potential to enhance structural resilience against seismic impacts.
5 CONCLUSION
This study aimed to enhance the seismic performance of nonlinear base-isolated structures by developing an AI-based hybrid control strategy that combines BIS with ATMDs, applying an ANN controller. The main objective was to design a control system capable of achieving effective seismic response mitigation with a limited number of sensors, thus improving practicality and cost-efficiency compared to conventional methods.
The methodology involved training an ANN controller using data generated from an LQR controller under seismic excitation with one ground motion data. The ANN model was trained to replicate the optimal control action of the LQR while addressing the nonlinear hysteretic behavior of the base-isolated structure. The controller’s performance was validated through numerical simulations on an 8-story nonlinear base-isolated benchmark building subjected to various near-field and far-field earthquakes, including additional unseen earthquake records to assess generalization capabilities.
The major findings from the case study can be summarized as follows:
	1. The ANN controller successfully captured the nonlinear behavior of the base isolators and structural responses, leading to more effective mitigation of seismic-induced vibrations compared to classical passive control (provided with classical TMD).
	2. A reduction of over 80% in the base isolator displacement was achieved with the ATMD trained by the ANN, alongside a significant decrease in the RMS values of structural responses.
	3. The ANN-based system demonstrated robustness against signal time delays and white noise contamination, ensuring reliable performance under realistic data conditions.
	4. Effective control was achieved with only three sensors, highlighting a significant advantage over the conventional LQR controller, which requires full-state observation.
	5. The ANN controller exhibited strong generalization capabilities, effectively mitigating structural responses during seismic events not included in the initial training dataset.
	6. The ANN-driven control system provided real-time response capabilities, enabling immediate and adaptive adjustments to maintain structural integrity during earthquakes.

Moreover, the integration of BIS with ATMD further enhanced the energy dissipation capacity of the structure, leading to improved overall robustness against seismic events.
In conclusion, the proposed ANN-driven hybrid control approach demonstrated considerable potential for practical implementation by achieving comparable or superior performance to classical control methods while significantly reducing the complexity and cost associated with sensor deployment. Future research will focus on exploring more advanced ANN architectures, such as deep learning models, and conducting experimental validations on larger-scale structures to further assess the applicability of AI-based adaptive control in real-world scenarios. Additionally, the versatility of ANN-driven hybrid control strategies could be investigated in broader engineering contexts beyond seismic resilience.
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